Abstract-Two feedback controllers are presented that utilize data averaging and model-based estimation to offset the effects of sensor noise and achieve precise control of an autonomous underwater vehicle (AUV) variable buoyancy system (VBS). Operation of the bottom skimming AUV requires a constant reaction force between the seabed and the vehicle. While performing a mission, variable seafloor topography and a changing payload weight requires the use of a VBS to maintain the reaction force. Two traits of the VBS system that make this a challenging problem are the presence of sensor noise and fast on/off actuation relative to the sensor update rate. It was discovered that both controllers function under these conditions but the model-based controller provides more precise control of the system. This paper presents a comparison between these two control algorithms based on both simulation results and field experiments in a coastal environment.
I. INTRODUCTION
The goal of this work is to implement a variable buoyancy system (VBS) for a bottom skimming AUV that transits the sea floor while maintaining constant contact with the seabed. Furthermore the VBS should regulate the negative buoyancy of the vehicle so that the sediment exerts a constant, precise normal force on the AUV despite changes in the mass of the vehicle during a mission.
The VBS consists of a variable volume ballast chamber and a sensor to measure the normal force between the seabed and the AUV. The volume of the air-filled ballast chamber is changed by adding air from fixed volume compressed air cylinders or venting air from the chamber to seawater. This actuation of the VBS system is accomplished using two on/off solenoid valves commanded via a digital signal to be in either a fully open or fully closed state. The reaction force between the AUV and ocean floor is obtained from the output of a load cell situated to measure the net upward force provided by the ballast chamber (see Fig. 1 ).
A number of different approaches to variable buoyancy control have been used to successfully regulate the buoyancy of autonomous underwater vehicles (AUVs) [1] . A review of the literature shows that classic PI control, sliding mode control, and fuzzy logic control have all been applied to the control of underwater vehicle buoyancy and depth regulating systems. In [3] , sliding mode control of vehicle pitch is designed to compensate for a net positive vehicle buoyancy, and actuation is provided by continuously articulated elevator fins. Riedel et al. utilize a linear-quadratic regulator in their ballast controller, which actuates ballast pumps with variable flow rate located fore and aft in their AUV to control pitch and depth, in addition to vertical thrusters [4] . In [5] , DeBitetto proposes a fuzzy logic controller for an AUV with a similar mechanical arrangement to [4] , utilizing variable flow rate ballast pumps. However, the reviewed buoyancy control techniques are not applicable to the binary on/off actuators in this type of system. Other work was investigated where on/off solenoids are used in controlling air ventilation [6] and teleoperated systems [7] . In [6] the on/off solenoids are controlled using PWM signals, whereas [7] makes use of sliding mode control to actuate a number of on/off solenoids in the system. Both sliding mode control and PWM control are not feasible for the as-built AUV due to existing mechanical and instrumentation limitations. These limitations will be discussed in further sections. It was therefore necessary to 978-1-4799-4918-2/14/$31.00 ©2014 IEEE develop the moving average and model presented here. A survey of model predictive is presented in [8] , and the model-based con in this paper is similar to the simplified Kalma therein.
The VBS is implemented with feedback c change the volume of the ballast chamber b cell measurements. Two characteristics of developing the feedback control system challe analog voltage output from the load cells is h to electromagnetic noise from nearby electric the inclusion of twisted-shielded-pair wirin filters. This noise is illustrated in Fig. 2 . One this added noise is to introduce software fil moving average filter, but this addition significant time delays in the feedback loo destabilizing. Second, the rate of volume cha the solenoid valves is high relative to the mov time delay which is a further destabilizing system. The results reported here consider t VBS system as fixed and focus on implementa control algorithms capable of addressing these
II. CONTROL APPROACH
The goal of this research is to impleme estimation and control algorithms capable o challenges described above and to quantif between the two approaches using both com and field experiment results. The first contr moving average filter coupled with a bang-ban is shown in Fig. 3 . The second approach i controller, comprised of a Kalman filter estima a bang-bang controller and is shown in F remainder of the paper the model-based co referred to as the Kalman filter controller. A controller is known alternatively as an on/off Fig. 2 Raw normal force measurements from the VBS passing through a hardware low-pass filter. It is assume of the noise is broadband. The true normal force is con signal shows a standard deviation of ±2.19 lbs due to system requirements a standard deviation of ±1 lb is ne average (red) accomplishes this. 
A. Moving average filter with bang
To address the noise in the load size of the deadband for more p average filter is applied to the senso normal force. The moving average samples. As can be seen in Fig. 2 , th averaged sample is decreased by deviation of the raw data samples. H the standard deviation of the averag by 77.6% from the raw data stand variance of the sample mean for a sa
The use of a moving average do For the case where 20 samples ar frequency of 10 Hz, a significant introduced. The delay is defined as where N is the number of samp frequency. Within the timescale of a delay of 0.95 seconds is considered
B. Kalman filter with bang-bang co
An alternative approach is to estimator with the bang-bang con utilizes a model of the system alon sensor to output a state estimate tha load cell (blue) after ed that the remainder nstant, but the sensor noise. To meet the ecessary. The moving 
III. SYSTEM MODEL

A. VBS Model
The VBS system as illustrated in Fig. 1 , is modeled based on the assumptions that air is treated as an ideal gas, and the air within the ballast chamber is both isothermal and of homogeneous temperature. A free body diagram was also generated to relate the buoyancy force due to the ballast chamber and the vehicle wet weight to determine the vehicle reaction force with the sea floor. The resulting model captures the rate of change of the system buoyancy based on the control inputs and the characteristics of the system. The model is then applied to the Kalman filter algorithm to estimate the actual buoyant force on the system resulting from the VBS.
The reaction force resulting from the free body diagram is given by (2) where F R is the reaction force, F W is the wet weight of the vehicle, and F B is the buoyancy force. Equations (3) and (6) can then be substituted into (2) to model the vehicles reaction force with the sea floor. The vehicle wet weight is found using (3) where m A is the mass of the vehicle in air, m V is the total mass of the water displaced by the vehicle, and Δm P is the change in mass of the payload over a change in time Δt. The buoyancy force is obtained by finding the volume of the ballast chamber to determine the volume of water displaced. The volume of the ballast chamber can be determined from (4) where R is the ideal gas constant, T is the air temperature, m is the mass of air, M is the molar mass of air, and P is the ambient pressure. The volume calculated from (4) can then be substituted into (5) to obtain the change in buoyancy force with respect to time. In (5) ρ is sea water density, g is acceleration due to gravity, q f is the mass flow rate of the fill valve, q v is the mass flow rate of the vent valve, u f is the fill control signal, and u v is the vent control signal. The fill rate q f in (6) is dependent upon u f the fill control signal, similarly the vent rate q v in (7) is dependent upon the vent control signal u v . The fill and vent control signals u f and u v can only exist as on/off corresponding to a numeric value of 1 or 0. When u f is equal to 1 then q f is equal to the constant fill rate C f and when u v is equal to 1 then q v is equal to a constant vent rate C v . Both fill and vent rates C f and C v respectively are dependent upon the ambient pressure and the compressed air supply pressure. For this exercise the fill and vent rates were experimentally determined at a fixed depth.
For this study it is assumed the air flow rates of the system are constant when the solenoid valves are in their open state. Field trials are currently only conducted at a constant water depth of 20 ft. therefore as the depth increases the effects on the VBS due to increased pressure are neglected. This is an area that will be investigated further during future work on this project.
B. Kalman filter model
The Kalman filter controller was developed from a simplified version of the discrete Kalman filter.
For controlling the VBS it was only necessary to estimate one value, the buoyant force. This resulted in a version of the filter where some of the matrices are reduced to scalar values. The simplified equations used are presented below.
;
(10)
The predicted state is represented as X P[k+1] in (8), where
is the previous state estimate, C f is the air fill flow rate, C v is the air vent rate, u f [k] is the fill control input, and u f [k] is the vent control input. The Kalman gain K [k+1] is updated using (9) where P E [k] is the previous covariance estimate, q is the process noise, and r is the measurement noise. The state covariance is updated in (10). An updated state estimate is then achieved from (11) where the predicted state estimate X P[k+1] is summed with the product of the Kalman gain K [k+1] from (9) and the difference of the new sensor measurement Z [k+1] and the previous predicted state X P[k+1] . This process is repeated for each new measurement and control input received, and then returns updated values for the state estimate and state estimate covariance.
IV. RESULTS AND DISCUSSION
A series of experiments were performed to validate and compare the two control approaches, first in a computer simulation environment, then in the field with both controllers deployed on the AUV.
A. Simulation results
To compare and contrast the two filters a square wave was generated using zero mean, additive, Gaussian white noise with a standard deviation of 2.19 lbs (see Fig. 2 ) in order to simulate the random errors evident in the load cell measurements. This square wave is then processed through both filters to test their functionality and ability to produce a state estimate from a noisy signal. The response of both filters to this simulation is shown in Fig. 5 and Fig. 6 , where the generated noise on the square wave is consistent with the measured noise from Fig. 2. A second simulation test was performed using actual experimental data in order to observe the behavior of the moving average and Kalman filter estimates. Log files from previous experiments included both the raw load cell measurements and the solenoid valve commands. These log files were recorded using the lightweight communications and marshalling (LCM) library [9] . The LCM li player to allow the log file to be broadcast to th functionality was used to evaluate the two implementing the controllers. The log file wa real time and both the moving average filter a were executed and produced estimates of the cell. This is shown in Fig. 7 and Fig. 8 . While load cell sensor had been previously character is noted that the logged data used in Figs. 7 have a higher noise standard deviation. This of noise could be the result of different ocean during previous tests. Despite the added n were tested with the logged data and found to b Fig. 5 Moving average filter and Kalman filter tested measured values Z were generated using the true value additive, Gaussian white noise with a standard deviation delay in the moving average filter estimates (blue). ibrary includes a he network. This o filters prior to as played back in and Kalman filter state of the load e the noise on the rized in Fig. 2 , it and 8 appears to s higher presence n conditions than noise, both filters be functional.
1) Moving average filter with ba
The moving average filter wa estimate with a much smaller sta simulated raw data. However, the in from the moving average filter consistent with the predicted time d moving average calculated over a behavior is visible in Fig. 6 which p one step input taken from Fig. 5 . response is identified as the blue co Kalman filter response is represente raw data as red, and the true valu black colored data set.
2) Kalman filter with bang-bang
The Kalman filter developed fo first tuned in the simulator enviro noise r was identified based on the (Fig. 7) . The ate estimate ahead of the moving illations about the setpoint value.
load cell as illustrated in Fig 2 where σ = 2 .19 4.80 lbs 2 . With r held constant, the process no from 0.0 ≤ q ≤ r until a desirable response w process noise value of q = 0.001 lbs 2 was used It can be seen in Fig. 5 and Fig. 6 that t state estimate conforms closely to the true va loop simulation. The simulated Kalman filter desirable than the moving average filter r increased accuracy and the absence of the ti behavior was also observed in the second s tests conducted where a previous log of the was played back during a step response missio Fig. 8 it can be observed that the Kalman filter produces a more consistent state prediction Fig. 9 State estimation error in response to a step inp controller deadband of +/-5 lbs. This deadband appears limit of the moving average filter estimator. Fig. 10 State estimation error for a deadband of +/-1 average controller is unstable at this point with the oscillations and continual overshoot beyond the deadband result in rapid cycling of the solenoid valves and likely Additionally the system is unable to achieve a steady state 9 lbs and r = σ 2 = oise q was varied was achieved. A d for this system. the Kalman filter alues in the open response is more response due to ime delay. This set of simulation load cell output on. In Fig. 7 and r estimator (cyan) than the moving average response (blue) despite th noise in the raw data (magenta).
B. Experimental results
Upon obtaining satisfactory re simulation, a series of field tests wer the vehicle was situated at a depth The AUV was stationary, and the te protected from direct ocean waves.
The AUV was programmed to buoyancy setpoint value represen square wave over 315 seconds (Fi was then repeated with bang-bang put with a bang-bang to be the operational .25 lbs. The moving presence of obvious d bounds. This would y lead to their failure. e buoyancy. of +/-7 lbs, +/-5 lbs, +/-2.5 lbs, and +/-1.25 lbs and for each filter running active VBS feedback control. The deadbands of +/-5 lbs and +/-1.25 lbs were selected for plotting as they appeared to capture the operating limits of the moving average filter and the Kalman filter respectively. In general, a smaller deadband value results in more precise control of the VBS. In Figs. 9-12 the error (blue) is calculated between the buoyancy force estimate and the buoyancy force setpoint. The error is then plotted where the spikes in error (blue) occur as the setpoint is switched corresponding to the setpoint (black) in the bottom subplot of each figure.
1) Moving average filter with bang-bang controller
It was determined that the smallest deadband the moving average filter would tolerate is +/-5 lbs from the buoyancy setpoint. This is shown in Fig. 9 where there are some small noticeable oscillations in the state response, but the state estimate error still remains within the operational deadband. This behavior is not continuous for smaller deadband sizes as can be seen in Fig. 10 where the deadband is set to +/-1.25 lbs. The moving average state estimate error continuously overshoots the setpoint resulting in unwanted oscillations. This type of behavior is not only destabilizing for the vehicle but also taxing on the solenoid valves as they are working to rapidly open and close. The rapid actuation of the fill and vent solenoids can also lead to gas burn. The compressed air cylinders contain enough air gas to complete a mission. Constant adjustment to the ballast chamber will result in wasted gas and premature expenditure of the compressed air cylinders.
2) Kalman filter with bang-bang controller
With a deadband of +/-5 lbs in Fig. 11 , the Kalman filter state estimate error converged quickly to each deadband with little overshoot. This behavior is encouraging and suggests that the model-based controller can operate under smaller deadband conditions. The deadband was then reduced further in Fig. 12 . With the deadband decreased to +/-1.25 lbs, the state estimate error was still able to converge quickly to the bounds of the deadband and produce little to no oscillations and overshoot. The error between the buoyancy force estimate and buoyancy force setpoint quickly approaches zero in Fig. 12 suggesting that the actual vehicle buoyancy response is true to the commanded buoyancy. This result confirms that the modelbased Kalman filter estimator controller can achieve more precise control of the VBS than the moving average controller, with a faster response. The Kalman filter controller was able to maintain stability beyond the operating limits of the moving average controller during actual field trials.
V. CONCLUSIONS
Preliminary experimental results show that the moving average bang-bang controller approach is operational, but the performance and stability is limited. The model-based Kalman filter control algorithm delivers more precise regulation of the VBS, faster response to un-modeled disturbances and guaranteed stability. The Kalman filter controller allows smaller deadbands for the on/off actuation thus resulting in a more predictable VBS response and state estimates that are true to the actual vehicle state. The moving average controller was only able to achieve +/-5 lbs regulation of the VBS while the Kalman filter controller was able to achieve +/-1.25 lbs regulation.
While this approach is developed specifically for the challenges of the VBS of a bottom skimming AUV, the same control algorithm can be used to improve the performance of any system with noisy sensor inputs and fast on/off actuation.
